Studies in rodents have demonstrated that transecting the white matter pathway 2 linking the hippocampus and anterior thalamic nuclei -the fornix -impairs flexible 3 navigational learning in the Morris Water Maze (MWM), as well as similar spatial 4 learning tasks. While diffusion MRI studies in humans have linked fornix 5 microstructure to scene discrimination and memory, its role in human navigation is 6 currently unknown. We used high-angular resolution diffusion MRI to ask whether 7 inter-individual differences in fornix microstructure would be associated with spatial 8 learning in a virtual MWM task. To increase sensitivity to individual learning across 9 trials, we adopted a novel curve fitting approach to estimate a single index of 10 learning rate. We found a significant correlation between learning rate and the 11 microstructure (mean diffusivity) of the fornix, but not that of a control tract linking 12 occipital and anterior temporal cortices (the inferior longitudinal fasciculus, ILF). 13
Introduction 25
The ability to navigate, and learn the location of rewards and goals in the 26 environment, is a fundamental and highly adaptive cognitive function across species 27 (Landau and Lakusta, 2009; Wolbers and Hegarty, 2010; Murray et al., 2016) . 28
Lesion studies in animals suggest that this ability depends, in part, on several key 29 brain regions, including the hippocampus, mammillary bodies, and the anterior 30 thalamic nuclei (Sutherland and Rodriguez, 1989; ; 31 Jankowski et al., 2013), which in turn connect with a broader network including 32 entorhinal, parahippocampal, retrosplenial, and posterior parietal cortex, all thought 33 to be important for navigation (Ekstrom et al., 2017) . In particular, the hippocampus, 34 mammillary bodies, and anterior thalamic nuclei are connected anatomically by an 35 arch-shaped white matter pathway called the fornix (Saunders and Aggleton, 2007) . 36
Given the role of these interconnected structures in spatial learning and navigation 37 (Jankowski et al., 2013), the ability for these distributed regions to communicate via 38 the fornix may also be critical for successful spatial learning and navigation. reconstructed using an fODF amplitude threshold of 0.1 and a step size of 1mm, and 154 followed the peak in the fODF that subtended the smallest step-wise change in 155 9 orientation. An angle threshold of 30° was used and any streamlines exceeding this 156 threshold were terminated. 157 158 Three-dimensional reconstructions of each tract were obtained from individual 159 subjects by using a waypoint region of interest (ROI) approach, based on an 160 anatomical prescription. Here, "AND" and "NOT" gates were applied, and combined, 161 to extract tracts from each subject's whole brain tractography data. These ROIs were 162 drawn manually on the direction-encoded FA maps in native space by one 163 experimenter (MS) and quality assessed by other experimenters (CJH, ANW). 164
165

Fornix 166
A multiple region-of-interest (ROI) approach was adopted to reconstruct the fornix 167 One aspect of this data is that some subjects learned quickly (and plateaued) before 210 displaying variable, or slow, performance in the later trials (e.g., subjects 9, 13, and 211 20; Figure 2B ). This presents a challenge for a curve fitting approach across all trials 212 (and potentially produces counterintuitive results), as some of the fastest learners 213
will show the poorest model fits. For instance, both subjects 9 and 16 display an 214 initial steep learning curve and an early plateau ( Figure 2B ), but a power model fit to 215 all trials provides a poor fit of the subject who does not sustain performance until the 216 end of the task. In order to account for this complexity in learning patterns, we 217 adopted a data-driven approach to determine a cut-off in individual subjects. 218
Specifically, a second-order polynomial model was fit to all trials in each subject 219 using the curve fitting toolbox in Matlab (Mathworks, Inc.). The cut-off was defined as 220 the trough of this curve, which is where the first derivative of the second-degree 221 polynomial crosses zero ( Figure 2C ). Trials up to and including this cut-off were then 222 modelled using a power function (mean trials included = 14.3; range = 7 -20). 
General discussion 330
Using a virtual-reality analogue of a classic navigational paradigm, the Morris Water 331
Maze (Morris, 1984) , we asked whether inter-individual variation in the 332 microstructure of the fornix (linking hippocampus with medial diencephalon and 333 prefrontal cortex) is related to individual differences in navigational learning. To 334 increase sensitivity to individual learning across trials we adopted a curve fitting 335 approach (Kahn et al., 2017), which generated a single index of learning rate ('b') in 336 each individual. We found that fornix microstructure (particularly MD) was 337 significantly associated with navigational learning rate in a virtual MWM task, as 338 defined by the slope of the fitted power model, and this association remained when 339 controlling for bilateral hippocampal volume. Furthermore, this effect was 340 significantly stronger than that seen for the ILF, a control tract linking occipital and 341 anterior temporal cortices, which has previously been implicated in semantic learning 342 while some individuals may use a strategy akin to cognitive mapping, i.e., based on 421 allocentric vectors from the "landmarks" to the hidden sensor, some individuals may 422 use a strategy based on matching and integrating disparate viewpoints from the 423 sensor location; a strategy more akin to building a model of the broader scene and 424
